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Abstract

Open-ended automated story generation obtains a consistent, coherent and logical story
by entering the beginning, out-line, or main line of story. To improve the quality of
generated stories, existing methods often require a large amount of training data and
models with more parameters. Aiming at the above problems, this paper proposes a
novel story generation method. The method divides the story generation into three
stages: input the beginning of story, and the common sense reasoning model generates
possible events; according to different types, fill in the events into the question template
to construct questions; the question answering model generates answers to correspond-
ing questions, and selects the one with lowest PPL score as story below. Repeat above
process to finally generate a complete story. Automatic evaluation metrics show that
the proposed method is able to generate more coherent, specific, and logical stories
than baseline models.
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1 58

FHK B o E A B B IAE 5 202 (Natural Language Processing, NLP) 2iilsf#—~HE &
1S5 (Alabdulkarim et al., 2021) - FEIREHENBHIMZ G, FRIREERERSE . &
IR AR R . ORI BUS THROE AR - IR AERE HER BARE S EMUES A
Al - M EsEiEHREIRIE S 5 HIME S 2 RIRIIEED, SORTHE R SR B A\ U #8215 B
T, AT HIEEN - BEANE SCRHER ok BRI, THCE A2 A8 50 B2 AT IR A 27
BIRENIR, RIS BEARIIE B PEA— 20 . IEFRBUEE R E R, BAgIE, &
FHE R (Ansag and Gonzalez, 2021) - [EEFERIARLAR - SRR, HRESERANESR -

PR RS A AU T B R SERE IR AR B I AN — B BBV AR AR . R A Vaswani
et al. (2017)%% H B TransformerZg 1§ BYGPT(Radford et al., 2018), GPT2(Radford et al.,
2019), GPT3(Brown et al., 2020)% HE[JFEF AL, Liu et al. (2020)%2 H LLA B 0
AT EMTY, Tambwekar et al. (2018)YIIZREINLA EHE HirEi 45 RSB S EAY, Fan et
al. (2018) R EEM D E, HINHRIEIAL HTES - Yao et al. (2019)IFERLEEAN ., FH
E R ROTRIRG | ST A . XU TERFEFRERENINGEIEMSEMER - S48
BEEZHEE, FIRZ RN EMLIHN SR - XX — -, 8 A ISR E AN EREDIR
R A SRR FUAER J7 ¥ Ammanabrolu et al. (2021)i@ 5 HIRIER « IR 5% R AFE T
[P EA R RS, HPHEIRMEEBECOMETRA (Bosselut et al., 2019)45H; Guan et al.
(2020)#8 Hi T ARG SR O FOIZRAREL, B ok B SNERAIR I B IRFIRR A RS B S - (B
5, LABTRIBT 2 R fX BAMRFIAE nEEE, 25T . 384, REH EFRISNT
FRGEFH JTIE?

i, $&7~% 3] (Prompt Learning) FHHRHI5T 5 B & BRI A1 (Liu et al., 2021) - K
B LR, SR I EDHEAMTEARY R NEE — BA (Finetune) T A XIS -
m, B—PUARERRAES, NTRAREIENERY . 7, EHWHXAIEAERGE R
AR Z IR o SRR R N B R R Z X B REY - JwF.”, W T RIS,
WNGPT-25 LR . IEE AN AR, A BEREN - X M7, EHE R AR
FIREI SETIIATARL, [R50 03U 7 FAR S5 ML 1 SR A S5 -

OGRS AR, ERCEMRAREO T, UIZRER AT AT AR TSR Bl A
BRI T IHESS - ZIRRFIRIER, BATRENARSE AT, B iRREORE
WS, EOREMERART, RIEESBERRE - BEMRMMESEZRATEE
HRIER—R - B LR, BMEIAES, SRR, SORMBE o Rl %E
[ R SCAR A AT S5 BRI o AH ELBR R S ROCER A2 AL 55 5 Bt SUR A AR S5 (CURTHE - Hlgs
BEsE) | MERILEE:

o [A]EAESS I N IE 2 U 5 I, AR U S YIRS 22 20 ) FN R RN [a] AT [B] 2
R R SCE R SO, i AR A 3G & 38 A [ o AR RCRN & 22 ] DUBKEF M OR ¥ — Bt 5 0%
TS

o FESNEREVARIIRAH B NSRRI, AT LUR R B E A 5 R SR A R AN -
XA B IR R 5| S AR AT, REAECRIEZ I AROL T, HEShiE R R,

o NHATHEEARAESH B EEFNZRES, a7 R MINGERIE, FENNERES
HILTUAR - BHEIREE O VaEE . AR EESH AN M AHFITEESE S0, B
B TERSE LR, MmN TRIZEESPIPIGES, B e @t 5, &
IR R BS IO RAE SR, KX e RAE R T SCREAR RFE b b fr i S
AL
L EEE, ARH T —MIE AT . EITERSEERS N =B (1)
ARk, FIREEER AR EZ DT RER SR, (2) RIERT, KB E A ERR
A F R, (3) BRI X N R E R, R RE R/ NIENSET L &
B Eidd e, EAERGEERIE -
©2022 FEVHEIETEAE
RHE (Creative Commons Attribution 4.0 International License) ¥FA] AR

E, 2022%E10H14H=16H.
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Input: Sam was too small for his college wrestling team. His

Infer coach gave him a few months to bulk up.
possible |
events
e v o
xNeed: to bulk up [xWant: to go to gym } [xlntent: to go to wrestling}
Generate 3 3 3 Add the next sentence
questions H i 4 to the input for the
. y _ . next round of
What does Sam do What makes Sam Why does Sam. o generation
to need to bulk up? want to go to gym? to go to wrestling?|

:

Answer and
select

Next Sentence: Sam went to gym to bulk up and made the team.

Figure 1: B & 32782 >] BUHCEE A AT BRI 7R 1

BIEIR T AR B BECER A T IER — ] - AR, W T A BRIk Sam was
too small for his college wrestling team. His coach gave him a few months to bulk up. R
PEREAY A 2 ST BERI A, Wto bulk up, to go to gym, to go to wrestling®s - XLLHHH &
BRVRA, HEMETLEEHEE . R\EFHRE, WE—RIIE-M, SN EX=1F0F W
N: What does Sam do to need to bulk up? What makes Sam want to go to gym? Why does
Sam do to go to wrestling? FHAFiXEen]@, BAAEKEZR, HEFEA)F Sam went to gym to
bulk up and made the team /ER N CHE « (@0 A R - S PEAOSE AR, X LR
AEMSARIF S| S R RALIATAE A - RS, AR A 38 P e IR B B IR E e EE R 3

FA 114 Para-COMET (Gabriel et al., 2021)VENEIREESAL, e € A4 BOEEE Y[R
45 G PR EAL A+ $8Para-COMETF AR EA:, FA 1 FHARoBERTal%A! (Zhuang et
al., 2021) 5 ZX M A AT, FHFREFHRE, WERROREEENR, AR, ]
fEFHELISQARLTY (Fan et al., 2019a)FIBARTHEE (Lewis et al., 2019)K% [rl @317 [E %, FFf#
FHGPT 2R B 2R A R 2

R FEOHT A

o FINFIREE M MR ISR DRERE R FIRL, ASCGRHRITES & T HXriRRs >
BAE, s M BRI, FE A PO SRR TR E, A B AEEEL [RZ A I SR 27
BIRIFIR, SREAFHSE R T I ESS

o EMEARGIREF , i FIRIEHA R WA, "] B BCENTISCN AR Z AE - 25
WS, F 5| SRT =SB A F AT

o RAEFMARS DAY RN AT T S88, WG SRIE T iZEERINEN AR, -
—IPHHR SRR T LSRR Al RUAR A 2 2 -

2 FXRIE

2.1 WEERFTE

Liu et al. (2020)#&H T LA BN OREE LM SR . HMGERE, h—MRESE
— M Af, EL TR TERZABN—RIIEE, REERZEANE. B TENSES
MBI E, AENAEES5SEFENE, FIERMKEEERIFH—EE . Fan et al
(2019b) R T R SCARTCE B — B A8, R H T —FheE i A R . BRI ShE T
G|~ ECERUR DL iy 24 SEAR AT IR AR o R PR AE SUAREE A, A Z BRI SR A SE AR R
PR B S ALRF o MANEA RIS, fERIEE S R — BRI T, RS SRR
SR, FHEXTREIE R S FE T AR . AR SRR R AR E AR S RN 2B, &
AN BEER 5 AR B AR, BT AR HIESS -

E, 2022%E10H14H=16H.
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Tambwekar et al. (2018)3@ 13 FEH45 RANFEAFNAF RS HCEEF T « ABIIEARIL S BOR
KA TNEREIFFN RN PR o« MATAY VT IR B SRR R B o (B, X7 AT 25T
FHEFENFH P IFES EFZEE . Fan et al. (2018) KRG AW ZIR: AIEEFIHE,
HRMERAE T E R . AR SRMSE L ER— N EIERR, N5, RN FE
FROERBL RN, HIE S EEM LR R N MRS E . XMO7 iRl EEmEE R, K
RAFRIESS, HEHRE FIRRBO B, X5 EE R R Z RN « Yao et al. (2019)32
H T3R5 1E (Plan-and-write) BUE A AUHESE . ZHEZRRABCEAREIE NI, RGBS
T o HERFHCE T TR VR DA IAE 21 B R B A B R AR A - R R AE LA
FEHEE: B8 WEIZEAZEA S JEEICRA D BMELEN, [TEREIIGEE,

HAERKWNBREESFAE—ERERIE - 520 ), AR H T IRET AR T HEE
EA RS SR E

Ammanabrolu et al. (2021)8 i ¥ R - KR RAE T R @ BEE AR
ZiC2PO - AN B HE £ B R A A T, WIIZRE T HRIUET SRR, REx
HPRM Ui o EC2POAR S A 8 B AR R 58 R IE TG 17 R A2 U ——A 2 — > AT BE RO R
FELEH) 4> A5 (A, WCOMET (Bosselut et al., 2019) 1R 1 B iy A $E HUR 7 R SR8
. Guan et al. (2020)3&H T ARG IRTYI SRS, IR B M FRE R HIRFIRR A AL A
HRHCE - AR IRENRREY, 5 KONEE R —&H A Transformert® 2 H AT - 0F
RZRLIBTAE, EERFINTENREN G IRBETIERER T-B - Tl 1RO TAENE A SME AR B
ZEMEERN, FFEA T REERER&HEIES 28 -

2.2 R3]

Liu et al. (2021)F8M | —REZA WL - WIEL TR JLERRFE MM X ITIE, Hig
HNLPHRHEEE: TI4R < $&78 < Tl (Pre-train, Prompt, Predict) - i T T4 J7 X &7
SESVTHEMT — N8 ISR (Pre-trained Models) ~ #&7~ T.#2(Prompt Engineering)
% 2% 1% (Answering Engineering) « 2 #&7~ % >] (Multi-Prompt Learning) LA S 2 T HE R B I 25
& (Prompt-based Training Strategies) -

TEXRERRZ R, WA LIRS REX PSS, R IRIR2 3] —LE 7 - Li and Liang
(2021)%& t T B S8R (Prefix-tuning, PT) . PTABUREREI S, HEX AR P NS4
AEFESE MR, XA EER IS (Prefix) - TE3CRMZEES T, B, WA, Wl—E
B, RNETHGPT2ER L4k . PTERESERK—M, XM TRAEREXNZHEE: A
—E & Altoken, WATLUEET, 5, ME, WHAEZZE - 59 WH(EF LIS
B R oI B 2 BN B )

TERZ G, BRI FE SO A A AT N FH AT IZ 7R « Castricato et al. (2021)3@ 131
PR, WETERTAER A B VR SE 4 NSRS, X B AR SRR B A AN 2 i
B o MEATH TAEM R RN R SO AR S48, HHTHEIAER - Lin et al. (2022)83 )
CRIFR R IR, AR RO A B HEIRANRIE R, RS SFRRBEHER, RREE
BIEREIRFAL « TATH LAEE A R R &8 o R AR A RS P2, B BRR
N, M2 T BA B R TR 5 it .

3 AR IKIMELER

[ By Q1 Ay
—
Input § E-2 Q-2 Question Answerin A-Z
—_—> Para-Comet : —> Prompt Template : 9 : Select
: : model :
E, Qn An

Figure 2: #5342 BT 1A K TAERAR

RINBWEERTTEN TIERE . THEAMBRAER, 702 F4mE . /R R-mAE
i ERERSESE . PG BEER T AR RTOIGE SR . B RS R AR

E, 2022%E10H14H=16H.
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RIS, REANFRERILE Sk, HUTHER A ES - WERFTUR, WTFRIAS, HiRMHEREE
RER AR EIFE, By, ..., By BB FIXEEEAA SR R Q. , Qo, - .., Qn, FFHIIF]
ERIPTEE, JEERAL Ay, ..., Ay ERRRERDERA, EAME T 571K
GHNSe A, TERHT—RAEMNIT. -

3.1 i

HEAFHEHY B F Gabriel et al. (2021)32 Hi fPara-COMET I ZrIERY , FRE Fy A\ s
3k, FEAERE— AN N A E IR (Commonsense Inference), XL IREF R I FiE T KAl RE
RAEREME . FIREE BRI RINEANR, REMSCRAER . B THMIREA, A
FEAZRRTEARCER, MRENER & AR IR A EFITER -

Wl o, SN ARIECE L, BB AE RN to bulk up, to go to gym, to go to wrestling%F
B, XEEFFHOMRE, WRIR . ARITIEEERINFH TR -

Table 1: SHHFPIFRE LS

Type Dimension Template

Causes xIntent PersonX wanted | |
xNeed PersonX needed | ]
xAttr PersonX is seen as | |

Effects xWant PersonX wants [ |
xEffect PersonX is likely [ ]
xReact PersonX then feels [ |
oWant PersonY wants | |
oEffect PersonY is likely | ]
oReact Others then feels | |

3.2 BURIGEA AL

HPara-COMETE R EHNE BRG Z N R A A E - to bulk up, to go to gym, to go
to wrestling=5 FHAF LI Fto dobitl o PRIt Tl 175 B 50 @ TN ZRiBa Ay, 45 B R S5 441
o, REREHSAEEARRABER T, 4% R -

3.2.1 HE¥mAe5HEH

FATHH B R 2 FIBERT (Devlin et al., 2018)FI)II45#%7 . BERT & ID1E 5 A
i T Transformerf& & H 4wt 45 2 - BERTER L 2R E S LS ERIRINEF LT, Fitik
MFERAFGS AONESEN AEREZAER . LB go to gym WP, THIRE
HxWant, ABAFATREHEN .

[MASK] wants to go to gym.

HR AL AN E R AR AZA - BRAEERANEN A AE. B2, [MASKIHIKR
MO —A 8 - TRZHES, A FERR S HIEE — P BERIEN, §i0Her
mother, Daniel Wicky, My dog555 - IWHIWBERT 4l She, He, It5517, X LLim] MINNSH R
—EME SRR, (BSRKERER T TER 2 HEE -

FATEE =% B R AL E fERajpurkar et al. (2016)32 H 8 87 H 18 K = (7] & £ HE
£ (The Stan-ford Question Answering Dataset, SQuAD) L iJIZRFIRoBERTal%% (Zhuang et al.,
2021) - SQuADZ— DI EEEMREGER, B —RIE, WRaMENFR-, Ha 0 RERERE-
RS, RIETTEEEMEE, ERRNEHRER RERE I - KRl to go to gym NI, R
HEMN:

Who wants to go to gym?

[FIRERE HI S LA AR N A FFREAE R L Hi - RRBRIE RN A Lt ik 5150, S35 %E 8

SR o EARBIHFXT R to go to gymBIF R Sam.

E, 2022%E10H14H=16H.
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3.2.2 REERIEH] R

BTHEESHAEZE, RIEANFERFFEERR, A TR R A SRR 2 H DA RO R R
B . B RIS A AR A 2B R

Table 2: BERRARIR S IR

Event Type Association Template Question Template

xIntent Who needs to [event]? Why does [character] do [event]?

xNeed Who needs [event]? What does [character] do to need [event]?
xAttr Who might be described [event]? Why does [character] be [event]?

xEffect Who [event]? What makes [character]| [event]?

xReact Who feels [event]? What makes [character| feel [event]?
xWant Who may want [event]? What makes [character] want [event]?

X, HxWant B E o go to gym, HEIRL R
What makes Sam want to go to gym?

3.3 EREMGHFERF

EREMBEL, R IRIEAE RO SR T A B A (LR A A TR R BT SRk AT (e
o RICER T BRTILRERY . ELISQA (Fan et al., 2019a)FIBART (Lewis et al., 2019) -

3.3.1 HHAELISQARRIHITHEE

ELISQAEAY & — A 7EFairseq-py IEZE FUIZRET « KA KR EEAL . EAEELISETREE
T4 o ELISEUE S 2WR 2 Eaplain Like I'm Five, MRedditfh KiERHENE - XD EL
WEF, ARG ARES K MASEBENER, MGEEARES K% T

ELISQARR T {5 A& [ AN SCRY , BEAL 2 SCREFI I 2515 31 B0 50 1R AR AR RO 0] 831 =]
o FERITIER, 8T RATRECRIEA R 1) — B 58, JA T T L f1 E A AR N
ZAER RS, TR —H i AR

] AR AR A RS2 T MELISQARE R 15 28 58 B AR R A7, TEANEERT -
N T RIEIX— ., ELISQAREAELR F Top-kRFEEEIATAE MK « kBTN 25 5 4 iU PR
Bz AT, HERKARE, BEEEESEE —HAREEMtoken . FATEE =50-

BI T Top-k REEEE, AMMERDE —EMREUMLE LSEEMAF, FHK
MR ENERAT — EREINEE - RIRRS 2. B2 FRE, ARES . RITEF
PR S PEEEA TR ENATFUREERMITEAT . HEAKERNEs, Bilhe
FEEANE, FERROEFRINENEED A « X EENE A /T EEEN RE ) yes, no, Of
course X FREIE, X LESF S AR B BB o X LeAR | AE TR R AR AURE I R R B TR L)
T~ RPN B XEERTRE, ARSI NS N ERERES -

3.3.2 AR BARTEER #H17 [E 2

PR TELISQARERL AL, AL TBARTIRBAE N A B R TONGER . (HE, |
AHBARTHE A E PATQAE S ISR AR WMAE, W RNEIGE, HIEME R I REE
o FEIEFA TR EEROCStoriesEi#E5E (Mostafazadeh et al., 2016) E#FFTHE, U4 KRR
H o ROCStoriesE &2 IRMEER/MIES, £5100,0007 AN AITFHIE . B THEH
BAE—AHEEE . XEMEAE T B S22 8 f S R R R R AR R« FATH
BAREIIRT0% : 15% - 15% A ELBIRENL RS> OISR 4R - SR IEEFIMEREE « KTl R FEir 4
RN, AT T N b B

L W FEMUERR—2I046), FATEREE S N B RoR A A s B, A2 Rl207117]

g

2. YEIA)FLANE Z B TS f) FAE N Document, AR LGN T 75 s PFEEEE -

Question —T— Document

PHER N BAE 3T R KB T QIE;

E, 2022%E10H14H=16H.
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3. HIA) TR MR AR X DR B FARE, I E XA RBEFQAM — 17, 77
Ajsonlines 3 H o

XSS T YIGREMPIESE, WEESIFE H2e — 5, batch size 116, S BARTHATIIG - &
FERRGES, R (RN BT SO B SR O R B EIR P, %M Top-k B, 8EE = 50, 174
o
3.3.3 MEERFENWETX
BENTENFERNEREGZE, BATRIEEEEIH, SHEARESTER, FTATEF
PR ER s, HEAERZIHEIERE L (Ammanabrolu et al., 2020)#EGP T2
RORITRAERE (Perplexity, PPL) , JEEHHEE N REZ R/ NITTREEN T ZEIRE
ok B R BRI RS PR R2276 D R BUE S T A A - XM B, e Ar e s il
BT R HE RIEHE T3
4 ERWE
4.1 BIEs
ARIRIROCStoriesBIE & T 525 JIZREE -~ SIS - ML T 5773.3.200—2.
FEYIZRRS, EFHROCStoriesHI ISR EEMIGUELE ; FEAE AT, Fay AR & S A R A
R ARG RE =A) -
4.2 f&hR
AEH BRfatr PG S EE R, FRRERE B EFER S5 AN TIHTEDR -
4.2.1  HIPFITER
o WL (PPL): iTHREAG)FTHTEECFE MUNEURIR, PPAG SOR TG B AN 12 A\ K15 S 1Y
RERE

o NI FM (Bilingual Evaluation Under-study , BLEU (Papineni et al., 2002)): &4
BA)FFISE FRA] FIN-grams, IREETTEITEC RN EL

o ETHMEZEFE 51k (Recall-Oriented Understudy for Gisting Evaluation, ROUGE-L
(Lin, 2004)): HERKARTRIE AR,

o [ ZHEF AL ENIEAIFE PR (Metric for Evaluation of Translation with Explicit Ordering,
METEOR (Banerjee and Lavie, 2005)): #=T 54§ B N AU AP0k 8. 5H [ %

o ETHIHFIEEHIIAIFAE (Consensus-based Image Description Evaluation, CIDEr (Vedan-
tam et al., 2015)) : FIFHTF-IDFRX A EN-grami 74~ R A E ;

o HHABERT IR A FHELIES 7 B BERTScore (Zhang et al., 2019)

o 7B K Z # M8 biDistinct-n; (Li et al., 2015): 15 FTE 4 B A SCAS A OR [E Hn-
gramfHLEE .
4.2.2 AT PEMIFERR
o ETI 1155 (Coherence): 0 — 104, 0 RFEERMPICATEETIEREE, 109 RFEERT
SO TE B R

o —HUEE S (Consistency): 0 — 109, 0 RERAERAI SRR SOA EMTRER, 109018%
A R SOR TR U E N B R FF 22— 2

o FHME) (Logical): 0 — 107, 0O UREMAICAEEMZHEAE, 100 UREM
ARSEEAFEHME AT R THREE2EH -

E, 2022%E10H14H=16H.
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Table 3: EHAZF LKL R

Models PPL] BLEU-11 BLEU-41t DISTt METEOR? CIDErt Rouge-LT BERTScoref
GPT2 10 0.308 0.193 0.950 0.211 0.483 0.345 0.886
Ours wELI5 16 0.386 0.282 0.933 0.230 1.151 0.384 0.891

Table 4: F&REFEY FLINLER

Models PPL] BLEU-11 BLEU-41 DISTt METEORt CIDErt Rouge-LT BERTScoret
Finetune BART 11 0.474 0.358 0.918 0.251 2.459 0.469 0.912
Finetune GPT2 18 0.228 0.118 0.958 0.128 0.419 0.232 0.866
XLNET 14 0.266 0.144 0.960 0.190 0.056 0.299 0.878
HINT 11 0.440 0.283 0.916 0.232 1.566 0.425 0.919
Ours wBART 10 0.493 0.376 0.937 0.262 3.058 0.475 0.923

4.3 FRpER

AR SEH T A R R AR T 1

o GPT2: {#H TransformerfiZ! FfEID 22

e BART: XA B [E]J3/# Transformerf& 2!

e XLNET(Yang et al., 2019): T 3 B BT R ] 57

e HINT(Guan et al., 2021): i1 FEREAG AR F R 7R A F 0 A R 28 0] B R 480 ok A B
LN

5 LR
5.1 FHEAYRTLE

BN EEZERERG T A RASEE, SR AR SR AR A pl 7 VR 7T IR I 2k
HARPB T AR « LI EFETNGIGPT2E N R & | EEFELISENERE

R B HORRRY | B T A R & TR AR S 4 -
WmFER3IF AL RN

o i FHHELISIE B & R A s Br iR &L, 78 I ik 88 & A= A A9 % IBLEU-1, BLEU-
4, METEOR, CIDEr, Rouge-L, BERTScorefs #515 4> B & /&, U B H 4 pl i i =
HGPT2H N R = - VB NG BER, (UOGE 38 A IR A SRR, — (]
LRETUREN H THEAERES S, HF BE N ENRI;

o GPT2HAYEDISTINCTEbr L FI15G 40 PR EFATSE, RFIRE A1 RE: ELISRTIZEA T &
S5EERMEE SN XGPT2RAY, &1 [ SRR 15 H A B & L

o GPT2EAIEPPLIEN: LIS R FFAISE, X AIRER T TIZRGPT2ES, A SEEE
58 :EF  IGHIEEEENELIS QAR X {H15GPT2AY A A AUHUEE RERS B8 M IIGIE A
RES -
5.2 FREREZRLE

AKNTHBERLCHIEDZE T HAREOSELE, SR8 AR TR H A RCE & /L E R
T B8t BE BE & IR & 0938 0 B A o SE 58 5% B ZEROCStories Y 1)1 25k 88 F1 56 F 58 b
FIBART -~ GPT2~ XLNET/E W E LA L £ BB 173.3.26008 FUBARTYE 2 22 & Al Bt
PR B B AR AR B TR S 4 -

WMRAFPIERFR, B TINGEIEE, A SURHBEA KT IEN S TERE 5, HIE
AR TG R, &6 T RIERA, HREEE 0UNAERUE S ERUA R P BARTERL, MF
YIEGEAE T, AN SCHE H AR A AT AR OR °T DL 2 8 bR b 15 0 PRI LR AL A L 3

B ERET RS AR IR, H166T- 1T,

E, 2022%E10H14H=16H.
(c) 2022 AEF(EEESHIE y
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Table 5: V5@l SLg0 45 5

Models PPL| BLEU-11 BLEU-4t DISTt METEOR?T CIDErt Rouge-LT BERTScoref
Ours w Prompt 10 0.493 0.376 0.937 0.251 3.058 0.475 0.923
Ours w/o Prompt 23 0.410 0.339 0.932  0.247 1.393 0.474 0.916

Table 6: A T1FNSEGG 45 5

Type Models Coherencet Consistency? Logicalt

Zero-shot GPT2 5.43 5.20 5.33
Ours wELI5 5.32 4.21 5.71

Enough Data Finetune BART 5.76 5.45 5.80
Ours wBART 6.60 6.42 6.62

5.3 THRELSCL

AT BTER SRS, SRR B T B R AR BERS S AR AU R A - SEYR 4y Bl
PR R 3.3, 260 A B ART AN 25t BOANAH F 3 7R 22 ] 5 VR OB ARTRE R AE Jy 27 22 A5 AR BL )
AL . JISRER R, Bhid IR A A B, BRI N A S H P .

WFSHHIEFRFTR, HFRRR S B £ AT 1E R & T VME B AN R R 23
B T . A LLIPPL, BLEU-1, CIDErfEVRMETHIER A, i BH 5 IR % ) f i a]
BN E, AERA) T ESPHREREN R E GRS, B Ea ANRES - BEREEREBLT
JLA.:

o HIFRMIEGMN, HIXEXNNIADAE . EREME, X FXAFRRmRN, &
SWRENER - BA RGBT Encoder-DecoderfE 22 | 1a] 771 2% A A 0= Hi P
f], BARTEZEIHE =4), B2 MKBERA S rtaE;

o B T HR/RENEAN, FAHEEASMILTRANMERNL, SNREIRERIRA e

BN T A R R P R -
5.4 ANLIFAEEER

APNTIN RN T SER, R I Sl B sh TR SRS H A0Z5 I8 « SRR AR ER
BENLAHER 100 M T2k, H IR B R G iR SEHCE - S IBE X Sl S MR B - — 2k
S5EMERNARZRETIT S, FTREFEES . SEE AN SPE R E AR -

WFROFHILERITR, EEHAGF T, EHELIE Y E SR BT s A T V5
REAEE B PEAZ BRI T T D GPT2AREA, (HAE—EUE T A E BT AN« XAl e B T ELIGI
BT LS 2R IR R R, MWW ETTE L SHTEREAERES . AT
AEGENRT, SAGMIABARTE &2 A Al B AL p s A a7 IR BEAE T BT - — 3
PEARIZ R 7 T 4 T (A R 4 ISR 3 BARTHE A -

6 FEHIFR

B3R TS LR ARI M ARG B A pOd R, B WA REME Ik, BEIRHER
B RS BN, ARTE R, BRI R, R N R R NARNME D TR 3
IR

6.1 FuEA AR

MEI3(a)FT LLE M, TEMEERIE 5, X TH ABart got a skateboard for Christmas.
Bart tried to ride the skateboard., FiRMEFEBMGEWHIE CHT, LM XBIE o play
skateboard - F¥ ELiE 3 #&7R A R AR S 2| 1Y (7] @ What does Bart do to need to play skateboard?
, WRNHCE R R — MR RN . B TR, TR SRR & B
B~ R —EESE TR T AT He fell down and broke his skateboard. - THNEE 4 AHERHY
§§§§§5E§$¢ﬁgiﬁﬁ£\ —HESETEHEE EKR . XU TR T IERER L R i) R Bg 4T

E, 2022%E10H14H=16H.

174



HEESY

Input: Bart got a skateboard for Christmas. Bart tried to ride the
skateboard.

I

xIntent: to play N
skateboard

What does Bart do to
need to play skateboard?|

l

Next Sentence: He fell down and broke his skateboard.

l

{ xEffect: get hurt ]>

What makes Bart get
hurt?

l

Next Sentence: Bart was very sad.

l

xNeed: to feel N
better

What does Bart do to
need to feel better?

l

Input: Roy's parents were adamant about him not smoking. Roy

did smoke, but tried to hide it from his family.

I

[ xIntent: to smoke }>

What does Roy do to
need to smoke?

l

Next Sentence: He told his mom about it and she was supportive.

l

[ xReact: happy ]>

What makes Bart feel
happy?

l

Next Sentence: She kissed him on the cheek for the first time.

l

[fofect: to get kissed }b

What makes Roy get
kissed?

l

Next Sentence: Bart started to ride his skateboard again. Next Sentence: He invited his friends over to watch.

(a) FEHIL (b) FEBI2

Figure 3: #UEA4E BF 5]
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